Ecologists often rely on unique natural markings to identify individual free-ranging animals without disturbing them. We developed a computer-aided photo-identification system for identifying polar bears (Ursus maritimus) based on whisker spot pattern recognition. We automated our system so that the selection of 3 reference points on the input image is the only manual step required during image preprocessing. Our patternmatching algorithm is unique in that the variability within spot patterns is considered fully rather than representing them as points and applying a point-pattern matching algorithm. We also measured the reliability of our method as probabilities of true positives and false positives using photographs of various qualities taken at different angles. When we excluded photographs of poor quality and angle the probability of true positives was .80% at a false positive probability of 10%. A new photograph could be preprocessed in ,1 min and tested against a reference library of 100 individuals in ,10 min. Our computer-aided identification system could be extended for use in other species with variable spot patterns, which could be useful in efforts to estimate various population dynamics parameters essential for the study and conservation of wildlife, particularly threatened and endangered species.
The main disadvantage, however, is that unless the entire study population is sampled, it is not possible to know for certain whether natural markings of every individual are unique (Pennycuick 1978) . In addition, natural markings can be difficult to distinguish from a distance, or might be lacking altogether, which can lead to incorrect identification (OliveiraSantos et al. 2010 ). Furthermore, searching for an individual's identity by visually comparing hundreds or thousands of natural patterns can be tedious, error-prone, and timeconsuming (Hillman et al. 2003; Kelly 2001) .
To overcome these disadvantages various computer-aided identification systems have been developed to recognize and match natural markings. Recognition of pelage or skin spot patterns, for example, has been used to identify individual seals (Hastings et al. 2008; Hiby and Lovell 1990) , cheetahs (Kelly 2001) , whale sharks (Rhincodon typus- Arzoumanian et al. 2005) , and spotted raggedtooth sharks (Carcharias taurus-van Tienhoven et al. 2007 ). Sperm whales (Physeter catodon- Huele and de Haes 1998; Whitehead 1990 ) and many other marine animals have been identified uniquely by computerized recognition of edge patterns on their fins or flukes (Hillman et al. 2003) . Stripes or bands have been used by computer-aided identification systems, most recently in zebras (Equus burchellii- Foster et al. 2007 ) and marbled salamanders (Ambystoma opacum- Gamble et al. 2008) .
In many computer-aided identification systems each new image required substantial preprocessing (e.g., cropping or enhancing brightness and contrast), which can be timeconsuming, require training, and introduce subjectivity and error (Kelly 2001) . Furthermore, individual features (e.g., spots and stripes) of natural patterns often vary in shape and size, yet many computer-aided identification systems ignore this variability and focus on the arrangement of these features instead. Some identification systems use ''blob extraction'' to translate a pattern into a set of (x, y) points, to then apply a point pattern matching algorithm to compare a pair of patterns. This method works well for features with little variation in shape or size (Arzoumanian et al. 2005; van Tienhoven et al. 2007) or when the arrangement of the features composing the pattern is more important than the shape or size of the features themselves. When the individual features of a pattern are important, however, translating these features to simpler representations can reduce the reliably of identification. Moreover, irregular or complex natural patterns cannot be translated easily to a simpler representation.
Computer-aided identification systems often work by comparing the photograph of the animal in question with the photographs of known individuals (i.e., a reference library). For each comparison of the unknown photograph with a reference photograph, the system produces a numerical similarity score. If the similarity score is below-or above, depending on the system-a specified similarity threshold, the photographs are considered a potential match (i.e., they likely belong to the same individual). Similarity scores often are ranked to place the best scores 1st, making it easier for the user to evaluate potential matches.
A reliable identification system should produce similarity scores for photographs of the same individual that are well below the similarity threshold (in this study, we assume that the lower the score, the better the match, but this criterion depends on the specific identification system). Two main types of error, however, degrade the reliability of an identification system: photographs of different individuals are incorrectly recognized as a match (i.e., a false positive); and photographs of the same individual are not recognized as a match (i.e., a false negative- Hastings et al. 2008; Kelly 2001) . The 1st type of error, or probability of false positives, reflects the proportion of individuals in the reference library that must be evaluated by the user for every identification attempt. For example, if a reference library contains 100 individuals and the probability of false positives is 10%, every attempt would list (on average) 10 incorrect individuals below the similarity threshold. The 2nd type of error commonly is assessed not by the probability of false negatives but by the probability of true positives (12probability of false negatives), or simply the probability of obtaining a correct match between the same individuals.
Both types of error are controlled by the similarity threshold simultaneously. For example, the probability of true positives can be made as high as desired by modifying the similarity threshold. The trade-off, however, is that the higher the probability of true positives, the higher the probability of false positives. To evaluate this trade-off the assessment of an identification system should include both its probability of true positives and probability of false positives. Often, however, only the probability of true positives is reported, which not only makes it difficult to compare performance among various systems but also obscures the amount of additional user effort required in evaluating potential matches.
We developed and evaluated a novel computer-aided photoidentification system for animals with distinct natural patterns and applied it to polar bears using their whisker spot patterns. Polar bear whisker spots are found at the base of the whisker follicles, arranged in a distinct pattern on each side of the anterior end of the muzzle, and can be used to identify individual bears reliably (Anderson et al. 2007) . Because the size and shape of these spots can vary, we developed a unique matching algorithm that operates on the image itself without translating the pattern into an alternative representation. We determined the trade-off between the probability of true positives and the probability of false positives in our system and evaluated its performance against photographs of different quality taken at various angles. To automate the matching process as much as possible, minimizing user involvement, the only steps in our system involving the user are choosing 3 reference locations on an input image and verifying that putative matches are correct.
MATERIALS AND METHODS
Study site and collection of polar bear photographs.-We photographed polar bears approximately 30 km east of the town of Churchill, Manitoba, Canada (58u459N, 93u459W) . Polar bears congregate along the western shore of Hudson Bay as the sea ice melts in August and remain on the coast until freeze-up in mid-November (Latour 1981) . We accessed our study site via a tundra vehicle, a large bus adapted for travelling on tundra and normally used for ecotourism (Dyck and Baydack 2004) . No more than 18 tundra vehicles were permitted within our site. Polar bears rarely responded to the approach of a vehicle (Eckhardt 2005) and were free to leave the site at any time. All procedures were in accordance the guidelines of the American Society of Mammalogists (Gannon et al. 2007 ) and were approved by the University of Central Florida Animal Care Committee (04-34W).
Photographs of polar bears were taken daily (0900-1500 h) by trained volunteers and ourselves during 18 October-11 November 2003, 18 October-10 November 2004, and 18 October-10 November 2005, using Nikon D100 6.0-megapixel digital cameras and 70-300 and 80-400 mm lenses (Nikon, Melville, New York). When possible, polar bears were identified individually by facial scars, sex, and body shape and size (Eckhardt 2005; Eckhardt et al. 2002) . Photographs of the same polar bear were taken multiple times throughout each field season. We used photographs of the same polar bear taken 1 day apart (in some cases, 1 year apart) to evaluate our system.
Computer-aided identification system.-Our identification system consists of 3 main components: the reference library, the image preprocessing method, and the matching algorithm. The reference library stores images of known individuals and is used as the source of images to match new animals. The image preprocessing method automatically extracts the natural pattern of interest from an image by standardizing and enhancing the image. Finally, the matching algorithm computes the similarity score between 2 images. The user must select 3 locations, or reference points, on an input image for the system to orient the image automatically and find the whisker spot pattern region. For polar bears these points are the front corner of the eye, the notch of the nose, and the trailing edge of the mouth (Fig. 1a) . Our identification system was written in Microsoft Visual C# 2005 Express Edition (.NET Framework 2.0; Microsoft Corp., Redmond, Washington). All computer development and analyses were conducted on a Latitude D620 (Dell, Round Rock, Texas) with dual 2.0 GHz processors and 2.0 GB of memory. A summary of the steps taken by our polar bear identification system is found in Appendix I.
Image preprocessing.-The input image was 1st converted to grayscale using the luminance formula 0.30 3 R + 0.59 3 G + 0.11 3 B (Bunks 2000), where R, G, and B are the red, green, and blue values of a pixel. Grayscale conversion simplified the implementation of the methods used below without sacrificing information loss, given that whisker spot regions of polar bears are not colorful. With use of the 3 reference points selected by the user, the image was geometrically (affine-) transformed (Foley et al. 1995 ) to a predefined orientation and size using the Graphics.Transform property in Visual C# (Petzold 2002 ) so that the notch of the nose lay 240 pixels to the right of the corner of the eye and the edge of the mouth lay 128 pixels to the right and 128 pixels below the eye (Fig. 1b) . The resulting image was small enough to keep the computational time reasonable while allowing small whisker spots to remain visible. Standardizing the input image to a predefined orientation and size facilitated comparing it with the reference library images, which also were standardized.
Next, the image was cropped around the region where whisker spots typically are found (Fig. 2a) . The cropped image then was enhanced 1st by histogram matching (Gonzalez and Woods 2002) pixel value of the image to improve its contrast (Fig. 2b) . The enhanced image was smoothed by neighborhood averaging (Gonzalez and Woods 2002 ) with a neighborhood radius of 2 to remove noise (Fig. 2c) .
The smoothed image was converted to black and white (not grayscale) using adaptive thresholding (Davies 2004; Foster et al. 2007) , which changes to black any pixel whose value is lower than a threshold relative to its neighborhoodotherwise, the pixel is changed to white. We found, however, that using a predefined threshold value for adaptive thresholding did not preserve the original size of whisker spots on low-quality images. Thus, the threshold value for a particular image was determined by testing adaptive thresholding with multiple, increasing threshold values (starting with a value of 2) until the total number of black pixels on the entire image was 300. Because the total number of black pixels on an image decreases each time the threshold value is increased, our condition of the upper limit on the number of black pixels always will be met. This limit value on the number of black pixels and the size of the neighborhood (radius of 4 pixels) were determined empirically by testing this algorithm with several preprocessed high-quality images. Finally, the resulting image was cropped again to eliminate extraneous artifacts around the edges left by adaptive thresholding (Fig. 2d) .
Computation of the similarity score.-We used the Chamfer distance algorithm (Borgefors 1986) to compute the similarity score between 2 preprocessed images. The Chamfer distance algorithm looks at each black pixel of the 1st image and determines its Euclidean distance to the nearest black pixel of the 2nd image, and uses the mean of these distances as the final distance between the images. Note that ''nearest'' does not imply nearby because the nearest black pixel of the 2nd image could be relatively far from the 1st and therefore will have a large Euclidean distance that will increase the overall Chamfer distance between the images. Also, note that if 2 black pixels are closely aligned, the distance used in the Chamfer calculation is very small (0 for a perfect alignment), regardless of the presence of other black pixels. However, when 2 images come from the same individual but 1 of the images contains spurious pixels (i.e., black pixels that are not true identifying spots), the distance between each spurious pixel and the nearest black pixel of the other image will be large. These large distances will cause the overall Chamfer distance to be large even though the images come from the same individual.
To reduce the influence that spurious pixels had on the resulting similarity score, our implementation used the median of distances (rather than the mean) to calculate the Chamfer distance because the median of a set of numbers is less affected by outliers than the mean. Because the Chamfer distance differs depending upon which image is 1st or 2nd, our algorithm also calculated the Chamfer distance of the images in reverse order and averaged these 2 distances (Fig. 3) . Furthermore, to account for image misalignments caused by foreshortening (i.e., rotations toward or away from the camera), our algorithm calculated the Chamfer distance repeatedly while moving one image about the other up to 16 pixels in each direction (in 2-pixel increments for faster computation, but this increment value can be changed by the user), and used the minimum of these distances as the final similarity score (Fig. 4) . The affine transformation applied during image preprocessing best handled clockwise or counterclockwise rotations, but the shifting procedure above handled rotations due to foreshortening.
Reliability of the identification system.-Photographs of the same polar bear were chosen so that they were taken 1 day apart (in some cases, 1 year apart). Photographs were categorized according to angle (excellent, moderate, and poor) and quality (excellent, moderate, and poor). Angle was based on how perpendicular the facial profile of a polar bear was to the camera axis: excellent deviated ,15u from the camera axis, moderate deviated 15-30u, and poor deviated 30-45u. Photographs with angle .45u were not used in our study because whisker spots were imperceptible to us. We estimated these angle deviations using a miniature polar bear model rotated to match the perspective of the polar bear in the photograph. Quality was estimated based on image sharpness (Fig. 5) .
We used our identification system to compute the similarity scores for pairs of photographs of the same polar bear with excellent angle and quality. Then, to examine the effect of photographic angle and quality we computed the scores for pairs of photographs of the same bear, with one photograph having excellent angle and quality and the other having either medium angle and excellent quality or excellent quality and medium angle. Also, we computed the scores for photographs of different polar bears with excellent angle and quality to examine the relationship between the probability of true positives and the probability of false positives. As an additional measure of reliability we sorted the similarity scores in ascending order (i.e., best to worst) of 37 matching attempts using photographs of excellent and moderate quality and angle. We recorded the position in the sorted list of the correct match, which would indicate the number of matches in our identification system that would have to be verified before encountering the correct match.
RESULTS
From .200 individuals photographed we found 57 individuals with photographs of excellent angle and quality, resulting in 796 possible comparisons of the same side of the face of different polar bears (25 photographs of the left side and 32 of the right side). Of these 57 individuals, 8 had a 2nd photograph of the same side of the face of excellent angle and quality, 19 had another photograph of excellent angle and moderate quality, 14 had another photograph of excellent angle and poor quality, 18 had another photograph of moderate angle and excellent quality, and 18 had another photograph of poor angle and excellent quality.
The mean similarity score for comparisons of different photographs of the same polar bear increased (i.e., photographs were less alike) as the level of quality or angle of one of the photographs decreased from excellent to moderate to poor (Fig. 6) . The mean score was highest, however, for comparisons of photographs of different polar bears (Fig. 6) . As we increased the similarity threshold the proportion of comparisons between different polar bears with scores below that threshold (i.e., the probability of false positives) also increased (Fig. 7) .
The probability of true positives increased as the probability of false positives increased (Fig. 8) . The probability of true positives decreased, however, when we used photographs of moderate angle or quality and decreased further with photographs of poor angle or quality (Fig. 8) . For example, the probability of true positives using photographs of moderate angle was only 80% when the probability of false positives was 5%, but the probability of true positives increased to 90% when the probability of false positives was 10%. When we used photographs of excellent quality and angle only (albeit a small sample), the probability of true positives was 100% when the probability of false positives was only 2%.
When the similarity scores of 37 matching attempts using photographs of excellent and moderate angle and quality were sorted from lowest to highest (i.e., best to worst), the correct match was listed first 27 (73%) times (Table 1 ). This sorted list of scores is how our identification system reports all matching results, such that the user is always able to verify matches (or mismatches) by eye. The overall mean position of the correct match in the sorted list was 2.0 6 0.4 SE (n 5 37) in a reference library of either 25 (left-sided photographs) or 32 (right-sided photographs).
DISCUSSION
Our computer-aided identification system, which includes information on the size and shape of whisker spots and their location, proved reliable when applied to polar bear whisker spots. Our system had a reasonable probability of true positives (80%) with a low probability of false positives (10%) when we excluded photographs of poor angle and quality. At this false positive probability about 3 potential matches using a reference library of 30 individuals would have to be verified by the user to obtain an expected probability of true positives of 80%. We found the correct match 86.5% of the time when we verified the top 3 potential matches when similarity scores were ranked (Table 1) . The probability of a true positive improved when similarity scores were sorted because correct matches often had lower scores than the other potential matches, even if the scores of correct matches were above the similarity threshold.
FIG. 3.-Sample images
A and B overlapped to illustrate how the similarity score between 2 images was calculated. Each square corresponds to a pixel of either image. The number on each black pixel is the Euclidean distance, rounded to the nearest 0.1, between the center of that pixel and the center of the nearest black pixel on the other image. The distance of image A to B is 1.0 (median of numbers on image A). The distance of image B to A is 1.2 (median of numbers on image B). Thus, the similarity score between images A and B is 1.1 (average of above distances).
Poor-angle photographs caused our system to misalign the images while computing the similarity score because polar bear whisker spot patterns were foreshortened. In a computer-aided identification system for whale sharks (R. typus) based on skin spot patterns, foreshortening also produced mismatches when using photographs with angle .30u (Arzoumanian et al. 2005) . Nevertheless, using poor-angle photographs is useful because having a record of an individual at various angles improves its chance of being recognized in the future (Arzoumanian et al. 2005; Hillman et al. 2003; Kelly 2001) .
Polar bear photographs with poor quality caused smaller whisker spots to disappear during preprocessing, effectively changing the extracted pattern. Our method of repeatedly applying adaptive thresholding to improve robustness was most effective with moderate-quality photographs. Objective definitions of photographic quality are difficult to compare across studies, but others also have found that using poorquality photographs reduces the probability of true positives (Kelly 2001; Whitehead 1990 ).
The appropriate similarity threshold for our system can be chosen based on the trade-off between the probability of true positives and probability of false positives. For example, we might tolerate a 20% probability of false positives if our reference library was small-for example, 100 individualsbecause the user would have to verify only about 20 individuals on average before finding the correct one. In contrast, if our database was large-for example, 1,000 individuals-we might tolerate a 5% probability of false positives at the cost of a lower probability of true positives. We then can use the relationship between the similarity threshold and the probability of false positives to determine the similarity threshold we need to use. We recommend that future evaluations of identification systems show the relationship between the probability of true positives and probability of false positives, or at least report the probability of false positives alongside the reported probability of true positives at the chosen similarity threshold.
We found that most excellent-and moderate-quality photographs were taken at a distance ,50 m from the polar bears. Anderson et al. (2007) found that whisker spots of polar bears were most distinguishable in photographs taken ,50 m away from the bears. Future improvements in digital photography and more advanced optical equipment should allow more-distant animals to be recognized. The current distance limitation might preclude the use of our system in remote locations where achieving proximity to polar bears is difficult (Anderson et al. 2007) .
In species lacking stripes or spots authors often argue that they can use subtle marks, scars, and other attributes to lowland tapirs (Tapirus terrestris) to 14 researchers for identification and found that errors in identification ranged up to 75% even though they used a small sample size of individuals and photographs. They concluded that haphazard identification of individuals from photographs can lead to numerous misidentifications. Like tapirs, polar bears have little in the way of external identifying marks to use to discriminate among individuals. In our research we are investigating the behavior of polar bears in a population of approximately 1,000 animals (Regehr et al. 2007 ), more individuals than we could possibly match by eye based on natural marks. The use of whisker spots is a reliable discriminator among individuals for this species (Anderson et al. 2007 ), but whisker spots vary in position, number, and FIG. 5.-Photographs of different polar bears were manually categorized as a) excellent quality, b) and c) moderate quality, and d) poor quality. Excellent-quality photographs were well focused and crisp, clearly showing individual whisker spots. Moderate-quality photographs lacked sharpness, but individual whisker spots could still be discerned. Poor-quality photographs were unfocused and blurry, making it difficult to distinguish individual whisker spots.
FIG. 6.-Mean similarity score for comparisons of different photographs of the same polar bear (first 2 sets of bars) and photographs of different bears. The score for comparisons of the same bears increased (i.e., decreased in similarity) as the quality or angle of one of the photographs decreased from excellent to moderate to poor (the other photograph in each comparison had excellent quality and angle). The mean score was highest when we compared photographs of different bears (both photographs in each comparison had excellent quality and angle). Error bars represent 1 SE. Numbers above bars represent the number of comparisons in each category. FIG. 7. -Relationship between the similarity threshold and the probability of a false positive for comparisons of polar bear photographs. The higher the threshold is set, the more comparisons with a similarity score below the threshold (i.e., incorrect matches).
FIG. 8.-Relationship between the probability of a false positive and the system accuracy for photographs of excellent, moderate, and poor quality and angle. In general, as the probability of false positives increased the system accuracy increased. For any specific probability of false positives the system accuracy decreased with decreasing quality or angle.
size. The combination of patterns to discern individuals is too complicated for us to determine, 1st, individual identity by eye in a sample of 37, or even as few as 20, bears (it would take more than a day to do 100 individuals), and 2nd, if an individual is new and not one from our known catalog of bears. Our computer program, on a laptop, would allow us to narrow down possible matches to 1 or 2 individuals and thus avoid the problems found by Oliveira-Santos et al. (2010) .
Our identification system took up to 5 s to compute the similarity score for a single image comparison using a Latitude D620 laptop with dual 2.0 GHz processors and 2.0 GB of memory. Thus, our system would take ,10 min to match 1 photograph against a reference library of 100 individuals (i.e., length of time grows linearly with the size of the reference library). Because we often observed no more than 10 new polar bears in the field per day, our system is fast enough to be used in the field (i.e., on a laptop). Inputting a photograph into the system took ,1 min, including selecting the 3 reference points and the time the system took to enhance, or preprocess, the image automatically. In contrast, some identification systems require the user to preprocess images or perform additional steps manually, which can take several more minutes.
The matching algorithm we used to compute the similarity score of a pair of images was based on the Chamfer distance algorithm, a computer vision technique that works on images directly. Other systems use ''blob extraction'' to transform a pattern of spots into a set of coordinates and then apply a point pattern matching algorithm to compute the similarity score, which works well for spots with regular shapes (Arzoumanian et al. 2005) . Because polar bear whisker spots can vary in shape and size, however, we applied an algorithm that captured this variability using image pattern matching rather than simplifying the pattern into dimensionless points. Our unique method of matching is especially useful in recognizing species that have natural patterns other than spots (e.g., stripes, rings, and irregular blotches). Gamble et al. (2008) also considered the shape and size of features through direct comparison of images and obtained excellent results (95% true positives with 1% false positives), although their system took 4-5 min per image comparison whereas our system took only about 5 s per comparison.
The success of our identification system depended on the reliability of whisker spot patterns, which is high in polar bears (Anderson et al. 2007 ). Adult polar bear whisker spot patterns change little from year to year, but it is unknown whether whisker spot patterns change with the bear's maturation or whether they are similar among related polar bears (Anderson et al. 2007 ). In African penguins (Spheniscus demersus), chest spots on juveniles are not reliable (T. Burghardt, University of Bristol, pers. comm.), and thus only adults could be identified using an identification system. Kelly (2001) found no difference between similarity scores of related cheetahs (A. jubatus) and scores of unrelated cheetahs, implying that cheetah spot patterns were not similar among related individuals.
We already have used our identification system in studies of polar bear behavior in western Hudson Bay. With our system we have identified several polar bears that were previously unknown due of lack of distinct markings (other than whisker spots). Our identification system can be modified for use with other species where invasive identification can be difficult or undesirable. For example, we recently modified our system to recognize individual boreal toads (Bufo boreas boreas) from their irregular belly markings (in collaboration with K. Thompson, Colorado Division of Wildlife, Montrose, Colorado), where we have had good preliminary results. Our system is especially ideal for identifying animals with irregular markings because our algorithm considers the shape and size of individual spots or other features. Finally, our system could be used in conjunction with capture-recapture methods to estimate ecological parameters essential for the study, management, and conservation of animals.
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